All relevant data are within the paper and its Supporting Information files.

Introduction {#sec001}
============

Plant functional traits are linked to the ecological strategies of species and directly influence species interactions, making them fundamental drivers of community assembly \[[@pone.0155749.ref001]--[@pone.0155749.ref003]\]. Most current trait-based studies in community ecology focus on analyses of trait dispersion among species in order to infer environmental filtering and limiting similarity \[[@pone.0155749.ref004]--[@pone.0155749.ref014]\]. Environmental filtering results in a relatively small range of trait values (i.e., under-dispersed or clustered) occurring in specific environmental conditions \[[@pone.0155749.ref009], [@pone.0155749.ref014]\], but other processes (such as competition) could also select species with similar traits \[[@pone.0155749.ref015]\]. Alternatively, limiting similarity occurs when competition excludes species with trait values that are too similar to other species that have a competitive advantage (e.g., higher fitness) \[[@pone.0155749.ref016]--[@pone.0155749.ref018]\], resulting in communities that contain dissimilar species (i.e., over-dispersed). Thus, the composition of any given community likely results from a combination of environment filtering and limiting similarity \[[@pone.0155749.ref009], [@pone.0155749.ref019]\]. In addition to these deterministic processes, neutral dynamics randomly structure a community's functional traits and community composition \[[@pone.0155749.ref020]\].

The mechanisms of community assembly described above are often used to understand plant community responses to environmental gradients and are most commonly studied at the species level \[[@pone.0155749.ref004], [@pone.0155749.ref021]\]. However, intraspecific trait variability is known to play a fundamental role in plant community responses to environmental change and community assembly \[[@pone.0155749.ref019], [@pone.0155749.ref022]--[@pone.0155749.ref031]\]. Recent studies indicate that accounting for intraspecific trait variation could improve the detection of non-random patterns in community assembly \[[@pone.0155749.ref007], [@pone.0155749.ref019], [@pone.0155749.ref032]\]. For example, Siefert (2012) reported statistical signatures of environmental filtering are stronger when intraspecific trait variation is taken into account \[[@pone.0155749.ref032]\]. Furthermore, intraspecific functional trait variation might reflect underlying environmental gradients or stress. For instance, short-term events such as extreme droughts likely induce community functional responses mainly through intraspecific variability caused by plastic phenotypic responses \[[@pone.0155749.ref029]\].

The relative contribution of intraspecific trait variation to shifts in community-average trait values along environmental gradients reflects the importance of within-species trait responses to environmental stress and measuring this variation can help the detection and interpretation of assembly patterns \[[@pone.0155749.ref023], [@pone.0155749.ref027], [@pone.0155749.ref033]\]. For example, variation in community composition across environmental gradients might be lower than expected partly because of within-species trait responses to environmental gradients \[[@pone.0155749.ref029], [@pone.0155749.ref034]\]. However, the relative contribution of intraspecific variation and species turnover to the total trait variation along environmental gradients is poorly understood \[[@pone.0155749.ref035]\]. Further complicating our understanding of how intraspecific variation is influenced by environmental gradients is that the explanatory percentage of intraspecific variation to trait variation varies among studies, and results might be dependent on the functional traits measured, spatial scale of observation, and the study habitat type, for example, tropical forests \[[@pone.0155749.ref011], [@pone.0155749.ref036]\], subtropical forests \[[@pone.0155749.ref037]\], and temperate grasslands \[[@pone.0155749.ref013], [@pone.0155749.ref019], [@pone.0155749.ref024], [@pone.0155749.ref029]\].

Strong environmental gradients provide a unique opportunity to examine the relative contributions of inter- and intraspecific trait variation. One of the most commonly employed natural gradients is vegetation change along elevation gradients, with variation driven by underlying edaphic and climatic factors \[[@pone.0155749.ref035]\]. Our study site is in the subalpine system of the Hengduan Mountains of southwest China with dramatic variation in topography, habitat and climate, and the region is considered to be extremely sensitive to climate change and land-use shifts \[[@pone.0155749.ref038]--[@pone.0155749.ref040]\]. The response of plant communities across such stark environmental gradients provides an ideal setting for studying functional diversity and community assembly.

We observed that plant functional traits, such as height and leaf area varied among forest communities along the elevational gradient at Yulong Mountain. To quantify the importance of intraspecific trait variation in the assembly of subalpine forest communities, and to further test how inter- and intraspecific variation respond to different abiotic variables, we examined functional traits and environmental variables to address the following three questions: 1) What is the relative contribution of interspecific and intraspecific variation to a shift in the community weighted mean (CWM) of functional traits along the elevational gradient? 2) Whether the detection of nonrandom community trait patterns (i.e., over-dispersed vs. clustered) could be improved by accounting for both intra- and interspecific trait variability compared to interspecific trait variability only? 3) How do inter- and intraspecific trait variation respond to different environmental axes under consideration? To address these questions, we measured six functional traits (plant height and five leaf functional traits) of tree species collected from subalpine forest plots at five elevations of the Yulong Mountains.

Materials and Methods {#sec002}
=====================

Ethics Statement {#sec003}
----------------

Permission for field sampling was obtained from the Lijiang Alpine Botanical Garden, Kunming Institute of Botany. None of the species sampled in this study are endangered or protected species.

Study area {#sec004}
----------

The study site (27°00'12" N, 100° 10' 50" E) is located at the southern edge of Yulong Mountain in Lijiang, Yunnan province, China. Yulong Mountain was recognized as the southernmost mountain glacier in the northern hemisphere and extremely sensitive to climate change. It belongs to the Henduan Mountains region and is located in the southeastern margin of the Qinghai-Tibet Plateau, which is known as the center of "Mountains of Southwest China" and as a global biodiversity hotspot \[[@pone.0155749.ref041]--[@pone.0155749.ref043]\]. At Yulong Mountain, the mean annual temperature is 12.8°C and the annual precipitation is 935 mm \[[@pone.0155749.ref044]\], with a dry season from November to May and rainy season from June to October caused by the southwest monsoon carrying moisture from the Indian Ocean. The study area is in a protected area of the Lijiang Alpine Botanical Garden of the Kunming Institute of Botany, Chinese Academy of Sciences, and has an elevation range from 2650 m to 3850 m.

The vegetation zonation is obvious along elevational gradient in Yulong Mountain. At the lowest elevation (2650 m), the forest vegetation is dominated by *Pinus armandii*. At 2950 m, the forest vegetation shifts and is dominated by the evergreen conifers *P*. *armandii* and *Pinus yunnanensis*, and the sclerophyllous evergreen broad-leaved *Quercus spinosa*, forming a mixed coniferous / sclerophyllous broad-leaved forest. At 3250 m, the forest vegetation changes again and is dominated by *Quercus guyavifolia* and *P*. *yunnanensis*. At the highest elevation (3850 m) the forest composition is dominated by *Quercus aquifolioides*, *Abies georgei* and *Rhododendron rubiginosum*.

Field survey {#sec005}
------------

A total of 15 forest plots of 0.1 ha (20 m × 50 m) were established at five elevations (2650 m, 2950 m, 3250 m, 3550 m and 3850 m; three plots at each elevation) from May to August 2013 ([Fig 1](#pone.0155749.g001){ref-type="fig"}).The five elevations were selected to cover all vegetation types, and three replications at each elevation were randomly arranged with at least 100 m apart from each other ([Fig 1](#pone.0155749.g001){ref-type="fig"}). Each plot was divided into ten subplots (10 m ☓10 m). All individuals of woody species with DBH≥1cm were recorded and identified to species by taxonomic specialists for accurate identification. In total, 4782 trees of 55 species (eight gymnosperms and 47 angiosperms) were recorded in the plots ([S1 Table](#pone.0155749.s007){ref-type="supplementary-material"}). A voucher specimen for each species in every plot was collected and deposited at the herbaria of Kunming Institute of Botany (KUN), CAS, Yunnan, China.

![Map of the study site in Yulong Mountain, Lijiang, Yunnan, China and the plot design, 15 plots (green dot) are shown along the elevational gradient.\
Data obtained from the National Fundamental Geographic Information System (NFGIS, <http://ngcc.sbsm.gov.cn/>), then edited using ArcGIS 10.2 (ESRI, Redlands, CA, USA).](pone.0155749.g001){#pone.0155749.g001}

Measurements of functional traits {#sec006}
---------------------------------

We measured six functional traits including plant height, leaf thickness, specific leaf area (SLA), leaf carbon concentration (LCC), leaf nitrogen concentration (LNC) and leaf phosphorus concentration (LPC). These functional traits are known to be sensitive to soil and climatic variables \[[@pone.0155749.ref023], [@pone.0155749.ref029], [@pone.0155749.ref045]\]. Plant height (maximum height of the canopy) was measured for each species by using Vertex IV hypsometer (Haglöf Sweden AB, Långsele, Sweden). Leaf traits were measured from June to August 2013, the period of peak leaf growth, on randomly collected full sun exposed canopy leaves from adult plants that showed no obvious symptom of pathogen or physical damage, with the petiole and rachis considered part of the leaf \[[@pone.0155749.ref046]\]. We sampled 14 to 20 leaves from seven to ten individuals (two leaves from each individual) for each species in each plot. For rare species, leaves were collected from outside of the plots but not more than 20 m to the plot edge. In total, 2964 leaves were sampled. An electronic digital caliper was used to measure leaf thickness (mm) at the center of the lamina by avoiding major leaf veins. Each broad leaf was scanned with a CanonScan LiDE 210 (Canon Inc., Tokyo, Japan) and the leaf area calculated using Image J \[[@pone.0155749.ref047]\]. For needle-shaped leaves, the leaf area was calculated following the method of Turner *et al*. \[[@pone.0155749.ref048]\], which is based on the needle shape and volume, number of needles and mean needle length. SLA was calculated as leaf area divided by leaf dry mass (after the leaf was dried to a constant weight at 70°C).Leaf chemical traits were measured using Kjeldahl analysis. LCC and LNC were measured with a Vario MAX CN elemental analyzer (Elementar Analysensysteme GmbH, Hanau, Germany), and LPC was analyzed with an iCAP6300 elemental analyzer (Thermo Fisher Scientific, Waltham, MA, USA).

Environmental data collection {#sec007}
-----------------------------

In order to obtain average soil characteristics within each plot, soil samples from four different depth layers (0--10 cm, 10--20 cm, 20--30 cm, 30--50 cm) were collected from five profiles per plot. For each layer in each plot, soil samples were pooled, homogenized, air-dried and sieved (2-mm) for further analyses. Six soil variables were measured including pH, total carbon, total nitrogen, total phosphorus, available phosphorus and available potassium contents. Since previous work showed that functional traits were associated with mean annual temperature, annual precipitation and soil water content indices \[[@pone.0155749.ref001], [@pone.0155749.ref007]\], we collected climatic data for precipitation, air temperature and soil temperature (at 10cm depth) using HOBO RG3-M, HOBO Pro v2 and HOBO Tidbit v2 respectively (Onset Computer Corporation, Bourne, MA, USA) from June 2013 to June 2014 at each elevation in this study. Based on these data, we derived three climatic variables, annual precipitation (AP), air mean annual temperature (AMAT), and soil mean annual temperature (SMAT). We measured the soil water content of the top 0--15cm soil layer on 24--25th March, 2015 using MiniTrase Kit (Soil Moisture Equipment Corp., Santa Barbara, CA, USA) following Cornwell and Ackerly \[[@pone.0155749.ref007]\]. We collected the soil water content data for 30 cores (three cores within each subplot) located randomly within each plot. Because of logistical constraints, we sampled plant functional traits in 2013 but measured soil moisture in 2015. This was not ideal, however, climate conditions were similar according to environmental records from a nearby field station. Furthermore, we assume that relative differences in soil moisture across the elevation gradient would be relatively consistent across years.

Data analysis {#sec008}
-------------

Several analyses were required to test our hypotheses about the relative importance of intraspecific variability to CWMs of traits, patterns of community assembly, and how intra- and interspecific variation respond to environmental gradients. Specifically, our analyses move from species turnover to measuring trait variation to tests of community assembly.

### Species diversity and composition {#sec009}

To estimate species diversity along the elevational gradient, species richness, evenness and both the Shannon and Simpson diversity indices were calculated for each plot. The Sorensen pair-wise dissimilarity index of species composition was calculated to quantify species turnover among plots. The relationship between Sorensen pair-wise dissimilarity and plot elevation difference was assessed using a Mantel test.

### Partitioning trait variability {#sec010}

To examine functional trait composition, the community weighted mean (CWM) was calculated for the six functional traits. Since large trait values have a greater influence on the arithmetic mean making it more prone to sampling error \[[@pone.0155749.ref049]\], all functional traits were log transformed before analysis. CWM represents the mean trait value of a community considering the relative abundance of each species at a specific site. Three CWM values were calculated following Lepš *et al*.'s method \[[@pone.0155749.ref022]\]. We calculated two CWMs, a 'Specific average' that captures trait values within plots, and a 'Fixed average' that uses species' means trait values across all plots. The 'Specific average' was calculated using trait values measured in each plot as: $\text{Specific\ average} = \,\sum_{\text{i} = 1}^{\text{n}}\text{A}_{\text{ij}}\text{T}_{\text{ij}}$ where A~ij~ is the abundance of species i in plot j, and T~ij~ is the mean trait value of species i measured in plot j, n is the number of species in the site. 'Fixed average' was calculated as: $\text{Fixed\ average} = \,\sum_{\text{i} = 1}^{\text{n}}\text{A}_{\text{ij}}\text{T}_{\text{i}}$ where T~i~ is the mean trait value of species i across all plots. To estimate intraspecific trait variability we simply subtracted the Fixed average from the Specific average: Intraspecific variability effect = Specific average--Fixed average.

To compare the relative importance of intra- and interspecific variability, we partitioned inter- and intraspecific trait variability effects on weighted plot-level traits values among plots also following the approach by Lepš *et al*. \[[@pone.0155749.ref022]\]. Specifically, the total sum of squares of species trait variance for all plots (SS~specific~) was decomposed into 'fixed' (SS~fixed~), 'intraspecific' (SS~intraspecific~) and 'covariation' (SS~cov~) effects, thus SS ~specific~ = SS~fixed~ + SS~intraspecific~ + SS~cov~. For each plot and trait, 'specific' community mean trait values using species trait values as measured on each plot (which includes both inter- and intraspecific effects), and 'fixed' community mean trait values using species trait values averaged over all plots (which removes the intraspecific variability effect), 'intraspecific' plot means for each were calculated as the difference between 'specific' and 'fixed' plot mean trait values \[[@pone.0155749.ref022], [@pone.0155749.ref023], [@pone.0155749.ref031], [@pone.0155749.ref050]\]. Positive or negative covariation values indicate that the relationship between 'fixed' and 'intraspecific' effects reinforce or oppose each other, respectively.

### Community assembly tests {#sec011}

*Tests for environmental filtering*. To test the effect of environmental filtering on community assembly, a null model approach was used to test whether the observed trait metrics differ from random ([Fig 2](#pone.0155749.g002){ref-type="fig"}). If environmental filtering is occurring at the plot scale, the range of trait values in observed communities would be smaller than the null expectation. Environmental filtering may also shift the community weighted mean of the plot trait distribution relative to the null expectation \[[@pone.0155749.ref009], [@pone.0155749.ref010], [@pone.0155749.ref019], [@pone.0155749.ref051]\].

![An illustration of incorporating intraspecific variation in tests of trait-based community assembly.\
In our analyses, we use three distinct trait based measures that should reflect underlying assembly mechanisms. Differences between the species pool (p) and sampled community (i) in the trait range, community weighted mean, and the standard deviation of nearest-neighbor distances reflect the dominant mechanism. For environmental filtering, the trait range should be reduced as a subset of traits is selected. Under limiting similarity, neighboring trees have divergent traits (i.e. increased trait distance). Furthermore, the standard deviation of nearest-neighbor distances in the sampled community should be less than the pool. Specifically, more even trait distributions among co-occurring species could be detected in observed communities compared to random expectations. Whether the CWM traits change depends on if trait selection is biased away from the pool mean. Intraspecific variation is shown as colored distributions, and non-random selection of intraspecific variation could strengthen assembly patterns (e.g., plot individuals more divergent under limiting similarity than predicted by species means).](pone.0155749.g002){#pone.0155749.g002}

In order to incorporate intraspecific trait variability effect into the detection of environmental filtering, separate tests were conducted that accounted for: 1) interspecific trait variation only, using species mean trait values, 2) including inter- and intraspecific trait variation by using plot-specific species mean trait values. For the null model, species were drawn randomly from the species pool (55 species), weighted by frequency of occurrence across 15 plots \[[@pone.0155749.ref051]\]. The test statistics of trait metrics are highly correlated with species richness, so randomizations were constrained to observed plot richness \[[@pone.0155749.ref007], [@pone.0155749.ref032]\]. For the null model used with plot-specific species mean trait data, species were randomly drawn from the species pool and then randomly assigned to one of its plot-specific mean trait values \[[@pone.0155749.ref019], [@pone.0155749.ref032]\]. Each randomization procedure was run 999 times.

We used the randomizations to determine if trait CWM and range were significantly nonrandom in each plot ([Fig 2](#pone.0155749.g002){ref-type="fig"}). The observed CWM or range value was considered significant when it was outside the lower or upper 95% percentile of the null model. We tested if the trait range changed along elevational gradients. Further, to understand how functional composition (CWM) and range varies along the elevational gradient, simple linear regressions were used to test for a relationship between CWM (or range) and elevation.

To evaluate the deviation of observed trait metrics from mean expected values for each trait across plots, Wilcoxon- signed rank tests were applied. Since we did not expect a directional shift ([Fig 2](#pone.0155749.g002){ref-type="fig"}), CWM tests were two tailed. Meanwhile, we expected the observed range of trait values to be smaller than the null expectation for testing environmental filtering ([Fig 2](#pone.0155749.g002){ref-type="fig"}), thus range tests were one-tailed.

*Tests for limiting similarity*. To detect limiting similarity, we also used a null model method to test whether the observed trait metrics deviated from null expectations. Assuming limiting similarity is occurring, we anticipate high levels of trait dispersion among neighboring trees (intra and/or interspecific variation) ([Fig 2](#pone.0155749.g002){ref-type="fig"}). This will result in neighboring trees consistently having divergent traits (i.e. increased trait distance) ([Fig 2](#pone.0155749.g002){ref-type="fig"}). Furthermore, under limiting similarity, we predict that the standard deviation of nearest-neighbor distances (SD_NND) trait values will be smaller than the null model as species become evenly positioned in trait space \[[@pone.0155749.ref009], [@pone.0155749.ref010], [@pone.0155749.ref019]\].

To examine the effect of intraspecific trait variability on the detection of limiting similarity, separate tests that accounted for both intra- and interspecific trait variability and interspecific variability only were conducted as well. For the null model, the same approach used in detecting environmental filtering was also applied in detecting limiting similarity. In addition, to account for the influence of dispersal limitation in high elevation subalpine forests, we also performed a null model that constrained the selection of species from each specific elevation.

Standard deviation of nearest-neighbor distances (SD_NND) of trait value was calculated to evaluate the role of limiting similarity in community assembly for each trait in each plot. We compared whether SD_NND values changed with increasing species richness, and whether the observed SD_NND values were significantly smaller than random values.

To evaluate the deviation of observed SD_NND values from mean expected values for each trait across all plots, Wilcoxon- signed rank tests were also applied. Because limiting similarity is expected to shift SD_NND of the observed trait values below the null expectation ([Fig 2](#pone.0155749.g002){ref-type="fig"}). Standard deviation of nearest-neighbor distances (SD_NND) tests were one-tailed.

### Quantifying the roles of different environmental axes in trait variability {#sec012}

A principal component analysis (PCA) was used to reduce the number of soil variables, and we selected the first three orthogonal axes of the PCA, which combined explained 88.81% of soil data variance. The first principal component axis (soilPC1) is negatively correlated with total phosphorus content and positively correlated with available potassium content. The second principal component (soilPC2) is negatively correlated with total nitrogen and total carbon contents, and positively correlated with soil pH. Finally, the third principal component (soilPC3) is negatively correlated with available potassium content ([S1 Fig](#pone.0155749.s001){ref-type="supplementary-material"}). Guassian-distributed generalized linear model regressions were used to determine the response of community weighted mean trait values to single environmental variables including: soil properties, March soil water content, annual precipitation (AP), air mean annual temperature (AMAT) and soil mean annual temperature (SMAT). Guassian-distributed multiple general linear models were also performed to select multiple combined edaphic and climatic variables that could best predict community weighted mean trait values based on lowest Akaike information criteria (AIC). Finally, the approach of Lepš et al. \[[@pone.0155749.ref022]\] was also used to partition the interspecific and intraspecific variance explained by each soil and climatic variable. Briefly, total sum of squares (SS~specific~) of the plot-level trait variance related to an environmental variable (here soil water content, AP, AMAT, SMAT, soilPC1, soilPC2 and soilPC3) into 'fixed' (SS~fixed~), 'intraspecific' (SS~intraspecific~) and 'covariation' (SS~cov~) effects.

All analyses above were performed in R (R 3.1.3 version) \[[@pone.0155749.ref052]\].

Results {#sec013}
=======

Species diversity and turnover {#sec014}
------------------------------

Species richness, evenness and Shannon, Simpson diversity exhibited a unimodal relationship with the elevational gradient, with maximal values at 2965 m ([S2 Table](#pone.0155749.s008){ref-type="supplementary-material"}). The plot dissimilarity values were positively correlated with elevational difference (r = 0.81, *P* = 0.001). In other words, greater compositional dissimilarity was observed for plots further apart in elevation. Even within the same elevation strata, some of the plots had dissimilar species composition as measured by the high Sorensen pair-wise dissimilarities ([S2 Fig](#pone.0155749.s002){ref-type="supplementary-material"}).

Relative importance of intraspecific variability {#sec015}
------------------------------------------------

Intraspecific variability contributed a greater proportion to the functional shift than interspecific variability for both height and leaf chemical traits, while interspecific variability was more important for leaf morphological traits. For SLA, the CWM trait variation was almost completely generated by interspecific variation, which accounted for 89.0% of the total variation of SLA, and there was positive covariation between interspecific and intraspecific variation among the plots ([Table 1](#pone.0155749.t001){ref-type="table"}). The contribution of interspecific variation was greater than intraspecific variation for leaf thickness (66.2% vs. 24.8%) and LCC (52.2% vs. 19.7%), but they covaried positively. However, intraspecific variability accounted for 76.3%, 49.3% and 68.7% of the community weighted mean height, LNC and LPC variation respectively, with only plant height having a negative covariation (-0.402) between interspecific and intraspecific variation ([Table 1](#pone.0155749.t001){ref-type="table"}).

10.1371/journal.pone.0155749.t001

###### The proportion of interspecific variation, intraspecific variation and covariation effects contributing to the variance in community weighted mean trait values among plots.

![](pone.0155749.t001){#pone.0155749.t001g}

  Traits           Interspecific variation effect   Intraspecific variation effect   Covariation effect
  ---------------- -------------------------------- -------------------------------- --------------------
  Height           0.639                            0.763                            -0.402
  Leaf thickness   0.662                            0.248                            0.090
  SLA              0.890                            0.023                            0.087
  LCC              0.522                            0.197                            0.281
  LNC              0.317                            0.493                            0.190
  LPC              0.203                            0.687                            0.110

Effect of intraspecific variability on environmental filtering {#sec016}
--------------------------------------------------------------

Environmental filtering was not detected for most traits across all plots, and intraspecific variability did not contribute to the detection of environmental filtering ([Table 2](#pone.0155749.t002){ref-type="table"}). The only exception we found was when we accounted for intraspecific variability in the CWM of leaf thickness, which significantly deviated from null expectations across all plots (*P* = 0.03), and the range of LCC, which was significantly smaller than expectations when both intra- and interspecific variability was included (*P* = 0.015) or when using interspecific variability alone (*P* = 0.025). For other traits, the CWM did not deviate from null models, and the range was not smaller than null expectations ([Table 2](#pone.0155749.t002){ref-type="table"}).

10.1371/journal.pone.0155749.t002

###### Results of environmental filtering and limiting similarity tests using a null model approach.

Wilcoxon signed-rank test comparing observed community weighted mean (CWM), range and standard deviation of nearest-neighbor distances (SD_NND) of traits to the means of the null expectation across all plots (n = 15), by considering intraspecific variability or not. Restricted SD_NND is the result of null model that constrained the species selection to each specific elevation. Two-tailed tests were used to the community weighted mean, and one-tailed tests were used to the range and SD_NND respectively, values in bold are significant (*P*\< 0.05). The numbers in brackets refer to the number of plots in which the observed trait metric was significantly more or less than the null expectation.

![](pone.0155749.t002){#pone.0155749.t002g}

                                              CWM      Range    SD_NND     Restricted SD_NND                                                 
  ---------------- -------------------------- -------- -------- ---------- ------------------- ----------- --------- ------------- --------- -------------
  Height           Interspecific              11 (0)   4 (1)    0.169      8 (2)               0.445       12 (0)    0.115         10 (0)    0.104
                   Inter- and intraspecific   10 (3)   5 (0)    0.121      6 (1)               0.577       12 (3)    **0.021**     12 (3)    **0.003**
  Leaf thickness   Interspecific              11 (1)   4 (1)    0.107      8 (1)               0.18        13 (1)    **0.001**     12 (0)    **0.002**
                   Inter- and intraspecific   12 (2)   3 (1)    **0.03**   8 (2)               0.18        12 (0)    **0.018**     11(5)     **0.028**
  SLA              Interspecific              7 (0)    8 (4)    0.303      5 (3)               0.467       12 (4)    **0.042**     13 (0)    **0.02**
                   Inter- and intraspecific   7 (0)    8 (4)    0.208      4 (0)               0.835       15 (11)   **\<0.001**   15 (11)   **\<0.001**
  LCC              Interspecific              9 (0)    6 (1)    0.712      10 (1)              **0.025**   11 (1)    0.084         9 (0)     0.489
                   Inter- and intraspecific   7 (2)    8 (2)    0.804      10 (2)              **0.015**   12 (0)    **0.009**     10 (5)    **0.009**
  LNC              Interspecific              7 (0)    8 (0)    0.121      9 (0)               0.084       13 (4)    **0.037**     10 (0)    0.195
                   Inter- and intraspecific   6 (0)    9 (0)    0.151      7 (0)               0.511       12 (1)    0.126         12 (5)    0.06
  LPC              Interspecific              5 (0)    10 (0)   0.188      8 (5)               0.151       11 (1)    **0.024**     11 (0)    **0.011**
                   Inter- and intraspecific   7 (0)    8 (0)    0.489      10 (5)              0.076       11 (4)    **0.011**     14 (6)    **\<0.001**

We explored whether accounting for intraspecific variability improved the detection of environmental filtering for each plot. First, we found that some traits varied with elevation. For example, CWM of SLA (r^2^ = 0.505, *P* = 0.003) and LCC (r^2^ = 0.606, *P* \< 0.001) significantly increased with increasing elevation, and accounting for intraspecific variability did not improve these relationships: CWM of SLA (r^2^ = 0.487, *P* = 0.004), LCC (r^2^ = 0.687, *P* \< 0.001) ([S3 Fig](#pone.0155749.s003){ref-type="supplementary-material"}). The range of height and SLA values significantly decreased with elevation, however, the range of LPC (r^2^ = 0.385, *P* = 0.014) significantly increased ([S4 Fig](#pone.0155749.s004){ref-type="supplementary-material"}). Additionally, some traits deviated significantly from null expectations in specific elevational plots. For instance, a nonrandom pattern was detected for SLA and LPC at low elevation with high species richness ([S4](#pone.0155749.s004){ref-type="supplementary-material"} and [S5](#pone.0155749.s005){ref-type="supplementary-material"} Figs), a possible indication that accounting for intraspecific variation may improve the detection of environmental filtering, however, the detection of environmental filtering was not improved by accounting for intraspecific variability for SLA and LPC at low elevations ([S3](#pone.0155749.s003){ref-type="supplementary-material"} and [S4](#pone.0155749.s004){ref-type="supplementary-material"} Figs).

Effect of intraspecific variability on limiting similarity {#sec017}
----------------------------------------------------------

We found strong evidence that limiting similarity acted on all functional traits in most plots. The observed standard deviation of nearest-neighbor distance for all traits in at least 11 out of 15 plots were significantly smaller than expectations ([Table 2](#pone.0155749.t002){ref-type="table"}), and the observed values significantly decreased with increasing species richness (*P*\<0.05) ([S6 Fig](#pone.0155749.s006){ref-type="supplementary-material"}). Height, SLA and LNC appeared to be driving patterns in high species richness plots ([S6 Fig](#pone.0155749.s006){ref-type="supplementary-material"}). By contrast, LPC divergence plays a vital role in low richness plots at low elevations. Accounting for intraspecific variation revealed stronger evidence of limiting similarity acting on height, SLA and LPC than tests using only interspecific trait values, specifically, a greater number of significant plots were detected by accounting for intraspecific variation in height (3 vs. 0), SLA (11 vs. 4) and LPC (4 vs. 1) ([Table 2](#pone.0155749.t002){ref-type="table"}). Nevertheless, intraspecific variability also improved the detection of significant trait divergence when using the seed dispersal limitation null model. For example, more plots were smaller than expectations when intraspecific variability was taken into account ([Fig 3](#pone.0155749.g003){ref-type="fig"}).

![The importance of intraspecific trait variability in limiting similarity.\
Standard deviation of nearest-neighbour distance of functional traits along species richness using restricted null model, by accounting for intraspecific variability or not. Open circles indicate mean standard deviation of nearest-neighbour distance of trait values in random communities, solid circles indicate observed trait standard deviation of nearest-neighbour distance values, red circles indicate significant reductions in standard deviation of nearest-neighbour distance trait compared to a null model.](pone.0155749.g003){#pone.0155749.g003}

Intra- and interspecific variability of CWM along different environmental axes {#sec018}
------------------------------------------------------------------------------

Climatic variables and soil water content significantly influenced CWM of height, SLA, LCC and LNC ([Table 3](#pone.0155749.t003){ref-type="table"}). For instance, soil water content explained 26% to 48% of the total variance in height, SLA, LCC and LNC. Furthermore, AP and AMAT explained 66% and 74% of the variation in CWM of LCC values, respectively. However, for soil nutrients, the percent of variance explained in CWM of height, SLA, LCC and LNC was lower than soil water content and climatic variables. Further, variation in leaf thickness and LPC was not explained by any of the environmental variables. Models including multiple predictors improved the explanatory power of the relationship between most community mean traits in response to soil and climatic variables ([S3 Table](#pone.0155749.s009){ref-type="supplementary-material"}).

10.1371/journal.pone.0155749.t003

###### General linear model regressions of community-weighted mean traits values by environmental variables.

![](pone.0155749.t003){#pone.0155749.t003g}

  Environmental variables   Height   Leaf thickness   SLA        LCC    LNC    LPC                                                                                                   
  ------------------------- -------- ---------------- ---------- ------ ------ ------ ------ ------- ----------- ------ ------- ------------- ------ ------ ---------- ------ ------ ------
  SoilPC1                   0.02     0.29             0.60       0.02   0.28   0.61   0.00   0.05    0.83        0.12   1.72    0.21          0.00   0.05   0.83       0.02   0.28   0.61
  SoilPC2                   0.00     0.02             0.90       0.03   0.38   0.55   0.30   5.52    **0.04**    0.17   2.70    0.12          0.24   4.03   0.07       0.03   0.35   0.57
  SoilPC3                   0.36     7.38             **0.02**   0.06   0.77   0.40   0.30   5.50    **0.04**    0.19   3.06    0.10          0.09   1.34   0.27       0.00   0.01   0.90
  SMAT                      0.37     7.76             **0.02**   0.03   0.39   0.54   0.54   15.02   **0.002**   0.64   22.96   **\<0.001**   0.15   2.21   0.16       0.08   1.18   0.30
  Soil water content        0.26     4.57             **0.05**   0.00   0.00   0.94   0.48   12.22   **0.004**   0.41   9.10    **0.01**      0.26   4.68   **0.05**   0.01   0.10   0.76
  AP                        0.11     1.64             0.22       0.08   1.17   0.30   0.44   10.10   **0.01**    0.66   25.47   **\<0.001**   0.19   2.96   0.11       0.08   1.18   0.30
  AMAT                      0.14     2.04             0.18       0.11   1.55   0.24   0.38   7.99    **0.01**    0.74   36.45   **\<0.001**   0.16   2.53   0.14       0.08   1.08   0.32

Values in bold are significant (*P*\< 0.05). SoilPC1 = Soil PCA-axis 1; SoilPC2 = Soil PCA-axis 2; SoilPC3 = Soil PCA-axis 3; SMAT = soil mean annual temperature; AP = annual precipitation; AMAT = air mean annual temperature and soil water content was the March (dry season) water content.

The interspecific variation in SLA, LCC and LNC were all significantly correlated with soil water content. Climatic variables such as AMAT, SMAT and AP also explained a large amount of the variation in interspecific variation of SLA and LCC. However, only interspecific variation of LCC was significantly correlated with soil nutrients, and the explanatory power was smaller than climatic variables and soil water content ([Fig 4](#pone.0155749.g004){ref-type="fig"}).

![The relative contribution of interspecific, intraspecific and covariation effects to total variability of CWM trait values along different environmental axes.\
The signs (+ and -) and statistical significance (\* *P*\<0.05; \*\* *P*\<0.01) of interspecific, intraspecific and total variability effects are showed on the figure when significant. A value of total variability that is higher than the sum of inter- and intraspecific variability indicates positive covariation, and a value of total variability that is lower than the sum of inter- and intraspecific variability indicates negative covariation. Solid lines indicate the significant relationship between total variability and environmental variable, and dash lines indicate non-significant relationship between total variability and environmental variable. Abbreviations: SLA, specific leaf area; LCC, leaf carbon concentration; LNC, leaf nitrogen concentration; LPC, leaf phosphorus concentration; AP, annual precipitation; AMAT, air mean annual temperature; SMAT, soil mean annual temperature; SoilPC1, Soil PCA-axis 1; Soil PC2, Soil PCA-axis 2; Soil PC2, Soil PCA-axis 2; SoilPC3, Soil PCA-axis 3.](pone.0155749.g004){#pone.0155749.g004}

Intraspecific variation of height was also explained by soil water content and climatic variables ([Fig 4](#pone.0155749.g004){ref-type="fig"}). However, the environmental axes under consideration here could not explain intraspecific variation in LNC and LPC, even though LNC and LPC have larger intraspecific variation than interspecific variation.

Discussion {#sec019}
==========

The relative importance of intraspecific variability and species turnover {#sec020}
-------------------------------------------------------------------------

In previous trait-based community ecology studies, species were most frequently characterized by mean trait values only \[[@pone.0155749.ref004], [@pone.0155749.ref021]\]. However, recent studies have revealed the importance of intraspecific trait variation in determining community functional composition along environmental gradients \[[@pone.0155749.ref019], [@pone.0155749.ref023], [@pone.0155749.ref053], [@pone.0155749.ref054]\]. Despite this, how intraspecific variation influences such functional shifts is not well understood, especially in subalpine forests. Our results show that variation in SLA is largely driven by species turnover along elevational gradients, and the low contribution of intraspecific variation in SLA could reflect the dissimilarity between gymnosperm and angiosperm in high species turnover forests. In other words, the importance of intraspecific variation is relative to the magnitude of the differences in mean trait values \[[@pone.0155749.ref055]\]. Thus, we can expect a greater importance for intraspecific variability in SLA for forests dominated by relatively closely related species (e.g., oak forests). Furthermore, abundance-weighted community functional structure could also be influenced by the traits of dominant species. The observed increase in SLA values along the elevational gradient was undoubtedly due to species turnover from coniferous to evergreen broad-leaf forest. Meanwhile, leaves with larger SLA are constrained to having higher LCC investment at high elevation.

It is normally assumed that interspecific variation is the main contributor to functional trait change in high species turnover communities along steep elevational gradients \[[@pone.0155749.ref023]\]. However, in the present study, intraspecific variability of plant height, LNC and LPC accounts for 76.3%, 49.3% and 68.7% variation in functional turnover, respectively. Unlike leaf physical traits, plant height is usually associated with climatic and topographic variables, while LNC and LPC are associated with photosynthetic rate and nutrient cycling \[[@pone.0155749.ref001], [@pone.0155749.ref046], [@pone.0155749.ref056]\]. High variability in plant height and leaf chemical trait responses to stress or environmental gradients has been reported in previous studies \[[@pone.0155749.ref019], [@pone.0155749.ref028], [@pone.0155749.ref029], [@pone.0155749.ref031], [@pone.0155749.ref037]\]. This indicates that plant height and chemical traits are more plastic than leaf physical traits in subalpine forests. Our results also suggest that the relative contribution of intraspecific variation largely influences local functional composition.

Role of intraspecific variability in environmental filtering {#sec021}
------------------------------------------------------------

Environmental filtering, results in a certain range of trait values persisting in specific environmental conditions, has been suggested to drive community assembly \[[@pone.0155749.ref005], [@pone.0155749.ref015]\]. It has been reported that SLA decreases with increasing elevation, which reinforces the belief that environmental filtering is important at higher elevations \[[@pone.0155749.ref057]\]. In the present study, compared with null model, CWM of SLA significantly shifted toward the null model at low elevation, which implied that species are able to allocate more resources to leaves at low elevations than high elevations. For example, conifer species (*P*. *armandii* and *P*. *yunnanensis*) dominated at low elevations, which had low SLA. Additionally, the lower range of plant height at high elevation likely reflects convergence because of aboveground environmental stress, such as low temperature, atmospheric pressure, high wind velocity and radiation, and belowground soil water limitation \[[@pone.0155749.ref058]\]. Thus species with similar plant heights, such as *Quercus aquifolioides*, *Abies georgei* and *Picea likiangensis*, are the dominant species at high elevation in our study area. In contrast, the observed range of LPC values was less than predicted, and this convergence possibly reflects a response to disturbances like grazing and logging at low elevations, as human disturbance (grazing, logging, tourism development, etc.) occurs frequently at low elevations at Yulong Mountain \[[@pone.0155749.ref044]\].

Intraspecific trait variability has been considered in a limited number of community assembly studies, and findings reveal that measuring intraspecific variability greatly increases the detection of environmental filtering \[[@pone.0155749.ref007], [@pone.0155749.ref019], [@pone.0155749.ref032]\]. However, we found that the detection of environmental filtering did not improve after accounting for intraspecific trait variation. This might reflect that subalpine forest communities displayed stronger patterns of even spacing than convergence in functional traits. Our results did not correspond with previous studies \[[@pone.0155749.ref007], [@pone.0155749.ref019], [@pone.0155749.ref032]\], which indicated that environmental filtering is a widespread process influencing plant community assembly.

Importance of intraspecific variability in limiting similarity {#sec022}
--------------------------------------------------------------

Some plant trait differences might result from more diverse groups of species that have adapted to very different habitat types. Such a result might also be related to more intense competition that drives fine-scale niche differences \[[@pone.0155749.ref017], [@pone.0155749.ref059], [@pone.0155749.ref060]\]. The observed standard deviation of nearest-neighbor distance of plant height, SLA, LCC and LPC were smaller than null expectations at low elevation thereby suggesting that the co-occurrence of more species could limit the similarity of functional traits to increase the even spacing of trait distance \[[@pone.0155749.ref009], [@pone.0155749.ref010], [@pone.0155749.ref061]\].

Quantifying intraspecific trait variability improved the likelihood of detecting limiting similarity. The divergence of traits within community (i.e. small SD_NND) suggests that forests may be assembled in such a way as to maximize resource utilization in order to reduce overlap of resource utilization \[[@pone.0155749.ref019], [@pone.0155749.ref032]\]. Intraspecific variability, through trait plasticity, promotes species coexistence through resource partitioning \[[@pone.0155749.ref017]\]. To improve the understanding of species coexistence in communities, we encourage the measurement of traits at multiple levels of biological organization, including at the population and/or individual level in future trait-based studies.

Intra- and interspecific trait variability respond to different environmental axes {#sec023}
----------------------------------------------------------------------------------

The relative importance of soil and climatic variables in driving both convergence and divergence of co-occurring functional traits has been demonstrated in previous studies \[[@pone.0155749.ref017], [@pone.0155749.ref060]\]. For woody species, temperature has been shown to correlate with leaf morphological traits such as SLA \[[@pone.0155749.ref001]\]. Our results revealed that climatic variables might influence the community-level average of SLA for subalpine canopy species more than soil nutrients. In addition, soil moisture was likely to be associated with tree traits \[[@pone.0155749.ref005], [@pone.0155749.ref007]\]. In the present study, available soil water content in the dry season may be a major limiting factor for community assembly in subalpine forests in Yulong Mountain. Precipitation is usually associated with leaf chemical traits \[[@pone.0155749.ref062]\]. However, we did not find evidence that leaf chemical traits were correlated with soil resources or climatic variables. This may reflect the fact that biotic factors, such as competition, which might affect leaf chemical trait variation, are more important than climatic factors in community assembly.

The relative importance of different environmental axes (e.g. climatic vs. non-climatic factors) to intraspecific variation varied among traits. Soil properties contribute to intraspecific variation in leaf traits \[[@pone.0155749.ref023], [@pone.0155749.ref054], [@pone.0155749.ref063]\]. Furthermore, it has been reported that a greater contribution of intraspecific variation in SLA and height occurs along non-climatic axes (e.g., soil properties, light) than along the main climatic axis for understory herbaceous species \[[@pone.0155749.ref035]\]. Plant height also may be modified by climatic variables (i.e. precipitation), age of succession, disturbance level and land use change \[[@pone.0155749.ref058], [@pone.0155749.ref064], [@pone.0155749.ref065]\]. In the present study, the intraspecific variation in plant height was more sensitive to climatic variables and soil water content changes than soil nutrients along elevational gradient in subalpine forest. Plant height was also shown to be highly responsive to soil resources such as available phosphorus in previous studies \[[@pone.0155749.ref024], [@pone.0155749.ref066], [@pone.0155749.ref067]\]. However, plant height was not associated with soil phosphorus in our study. Since species tend to use different nutrients to adapt to local ecological niches, the shifting pattern of available nutrients at different elevations could promote intraspecific trait variability \[[@pone.0155749.ref023], [@pone.0155749.ref068]\].

Conclusions {#sec024}
===========

Our results revealed that the contribution of intraspecific variability was even more substantial than interspecific variability for some traits, including plant height, LNC and LPC, despite the high level of species turnover along the elevational gradient in Yulong Mountain. We demonstrated that intraspecific trait variability improved the detection of community assembly processes (i.e. limiting similarity). We also observed trait convergence and divergence at specific elevations, and the detection of limiting similarity for most traits was significantly improved by accounting for intraspecific variability. Local functional trait plasticity appears to play an important role in driving processes of community assemblages along elevational gradients. Soil water content and climatic variables had a significant effect on most of traits except leaf thickness and LPC variation, whereas soil properties did not explain the trait variation. Our findings support the proposition that understanding species co-existence requires measures of population or individual level of trait variability. Both abiotic stress and biotic interactions together appear to drive the changes in community functional composition and influence intraspecific trait plasticity, especially in plant height and leaf chemical traits.

Supporting Information {#sec025}
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###### Principal component analysis of soil variables for all plots.

(PDF)

###### 

Click here for additional data file.

###### Mantel test for the relation of species composition Sorensen pair-wise dissimilarity and change in elevation distance.

(PDF)
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Click here for additional data file.

###### Community weighted mean of functional traits along elevational gradient, by accounting for intraspecific variability or not.

Solid black lines indicate a significant relationship; dashed black lines indicate regressions were statistically non-significant. Black points indicate communities that are not statistically different from random communities; red points indicate significant reductions in trait CWM compared to a null model; and blue points indicate significant increases in trait CWM compared to a null model.

(PDF)
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Click here for additional data file.

###### Role of intraspecific trait variability in environmental filtering.

Range of traits along elevational gradient both by considering intraspecific variability or not. Solid black lines indicate a significant relationship; dashed black lines indicate regressions were statistically non-significant. Black points indicate communities that are not statistically deviation from random communities; red points indicate significant reductions in trait range compared to a null model.

(PDF)

###### 

Click here for additional data file.

###### Range of traits along species richness both by considering intraspecific variability or not.

Open circles indicate mean the range of trait values in random communities, solid circles indicate observed trait range values, red circles indicate significant reductions in range trait compared to a null model.

(PDF)

###### 

Click here for additional data file.

###### Importance of intraspecific trait variability in limiting similarity.

**Standard deviation of nearest-neighbour distance of traits along species richness both by considering intraspecific variability or not.** Open circles indicate mean standard deviation of nearest-neighbour distance of trait values in random communities, solid circles indicate observed trait standard deviation of nearest-neighbour distance values, red circles indicate significant reductions in standard deviation of nearest-neighbour distance trait compared to a null model.

(PDF)

###### 

Click here for additional data file.

###### Species checklist and traits data (mean±sd) for each species based on plot level in this study.

Species recorded in only one plot have no value for variability.

(PDF)
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Click here for additional data file.

###### The plot information along elevational gradient of Yulong Mountain.

(PDF)

###### 

Click here for additional data file.

###### Relationships between CWM trait values and environmental variables (including soil and climatic variables).

Multiple general linear model analysis was performed to select best multiple combinations of environmental variables which could predict community functional composition. Model being selected with lowest Akaike information criteria (AIC). Direction of correlation indicated by positive (+) and negative (--) signs. SWC = March soil water content; SoilPC1 = Soil PCA-axis 1; SoilPC2 = Soil PCA-axis 2; SoilPC3 = Soil PCA-axis 3; AP = annual precipitation; AMAT = air mean annual temperature; SMAT = Soil mean annual temperature.

(PDF)

###### 

Click here for additional data file.
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